In the Indian monsoon region, frequent cloud cover in the rainy season results in less valid satellite observations during the vegetation growth period, making it difficult to extract land surface phenology (LSP). Even worse, many valid but humid observations were misidentified as clouds in the MODIS cloud mask, causing severe gaps in the LSP product. Using a refined cloud detection approach to separate clear-sky and cloudy observations, this study found that potentially valid observations during the vegetation growth period could be identified. Furthermore, the varied vegetation growth trajectories cannot be well-fitted by a global curve-fitting approach, but can be modelled by using the locally adjusted cubic-spline capping approach, which performed well for any seasonal patterns. Applying this approach, the start of growing season (SOS) was determined with 9.18% of vegetation growth amplitude between the maximum and minimum NDVI to generate the SOS product (2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010)(2011)(2012)(2013)(2014)(2015)(2016). The valid percentage of this regional product largely increased from 29.30% to 69.76% compared with the MCD12Q2 product, and its reliability was approximate to that of deciduous broadleaf forest in North America and Europe. This product could serve as a basis for understanding the response of terrestrial ecosystems to the changing Indian monsoon.
Introduction
Vegetation phenology indicates the response and adaptation of terrestrial ecosystems to climatic and environmental changes [1, 2] , and is critical for understanding the effects of these changes on the carbon cycle [3] , water cycle [4] and energy exchange [5] of terrestrial ecosystems. In the Indian monsoon region, the growth of vegetation is mainly controlled by precipitation [6, 7] , which has experienced significant changes in intensity and frequency over the past half-century [8] [9] [10] ; these changes will certainly cause shifts in vegetation phenology, such as a significant advance in the start of growing season (SOS) in northern parts (e.g., Punjab, Haryana) of India [11] . Therefore, accurate depictions of vegetation phenology in the Indian monsoon region are urgently needed.
High temporal resolution MODIS data provide the possibility to monitor vegetation phenology (named as land surface phenology, LSP) in the Indian monsoon region. However, valid observations are sparse in the rainy season under the influence of frequent cloud cover. Even worse, many clear-sky observations were misidentified as clouds in the MODIS Collection 4 (C4) and Collection 5 (C5) cloud mask, decreasing the number of valid observations [12] in the downstream MODIS product. For example, large numbers of gaps in the nadir BRDF-adjusted reflectance product (MCD43A4) limit the retrieval of MODIS LSP, resulting in few valid data for the C4 LSP product in this region [13, 14] . The C5 LSP product has been improved [15] , but the missing values still account for more than 80% for natural vegetation. Since accurate determination of LSP greatly benefits from sufficient observations during the season of interest, it is important to incorporate improved cloud screening for LSP retrieval.
The vegetation growth trajectories in the Indian monsoon region vary from site to site, and modeling the varied vegetation growth trajectories is a prerequisite for extracting LSP in this region. Many models have been proposed for this purpose in the literature, and currently the piecewise logistic function approach (shortened to Logistic) [13] , the Fourier-based approach (shortened to Fourier) [16] , the Whittaker smoother (shortened to Whit) [17] , and the Savitzky-Golay filter (shortened to SG) have been applied to the Indian monsoon region. Logistic was used for generating the MODIS LSP product (MCD12Q2) [13] [14] [15] , but it was inapplicable for modeling the vegetation growth trajectories with a two-stage greenness increase [18] or sharp curve valleys. Fourier was chosen to extract phenology from the MERIS Terrestrial Chlorophyll Index (MTCI, 4.6 km) [16] , MOD13C1 NDVI and EVI (5.6 km, 16 day), and GIMMS NDVI (8 km, 15 day) [19] in India. However, Fourier would appear as spurious oscillations in the long stable part of the vegetation growth trajectory. By using the SG filter to smooth the GIMMS NDVI data, Chakraborty, Seshasai, and Dadhwal [11] extracted cropland phenology in India with 20% of vegetation growth amplitude (shortened to VGA) between the minimum and maximum NDVI; Duncan, et al. [20] extracted cropland phenology across the Indo-Gangetic Plains with 30% of VGA. However, SG was reported to be highly sensitive to noises and large successive gaps [21, 22] , which would influence the extracted LSP. Whit has shown good performance for reconstructing the time-series of MTCI for extracting LSP in India, but it performed worse than Fourier when reconstructing the time-series of NDVI [23] . All of these approaches presented some limitations for modeling the varied vegetation growth trajectories; therefore, a more flexible approach should be used for the Indian monsoon region.
This study aims to improve the extraction of SOS in the Indian monsoon region from MODIS Collection 6 data by solving these two problems: identifying available data in the rainy season, and modeling the varied vegetation growth trajectories. The final objective is to generate an SOS product from 2000 to 2016 at 500-m spatial resolution (hereafter referred to as GLOBMAP-IndianSOS). MOD09A1 was chosen over MCD43A4 to guarantee more available data, because MCD43A4 was generated based on MOD09A1, and the lack of valid MODIS BRDF parameters [24] during the rainy season might reduce the data availability of MCD43A4. NDVI was selected to extract SOS because NDVI was recognized as a good proxy for indicating the phenology response to the climate change [25, 26] . Additionally, compared with the simple ratio (SR), the wide range dynamic vegetation index (WRDVI), the enhanced vegetation index 2 (EVI2), the global environmental monitoring index (GEMI), and the soil-adjusted vegetation index (SAVI), NDVI had shown the highest correlation between the SOS derived from MODIS data and in-situ observations from FLUXNET sites [27] .
Materials and Methods

Data
The MODIS Collection 6 surface reflectance product (MOD09A1) was used for extracting LSP in India. It provides an 8-day composite surface reflectance at 500-m resolution from 2000 to 2016. Each MOD09A1 pixel contains the best possible observation during the 8-day period, which is selected by a low-view angle and the absence of clouds [28] . The MODIS Collection 6 BRDF parameters product (MCD43A1) was used to correct the angular effects of MOD09A1. MCD43A1 provides three BRDF parameters of the RossThick-LiSparse-R BRDF model [24] for correcting the directional reflectance into the nadir-view reflectance. Invalid BRDF parameters were filled by the temporal nearest valid parameters. The SRTM 90 m digital elevation data were used to exclude the Tibetan Plateau.
The MODIS Collection 5 land surface phenology product (MCD12Q2) and the MERIS land surface phenology product [16] were used to compare with the GLOBMAP-IndianSOS product. MCD12Q2 provides global LSP at 500 m spatial resolution from 2001 to 2014. The MERIS land surface phenology product provides LSP in India at 4.6 km spatial resolution from 2003 to 2007. The pixel values were converted to DOY (day of year) from composite period (DOY = composite period × 8 − 4). This product was resampled to 500 m resolution using the nearest-neighbor interpolation method and was then projected to the MODIS sinusoidal projection.
Study Area
There are four seasons associated with the climate of India: winter (December to February), summer (March to June), the southwest monsoon season (June to September), and the post-monsoon season (October to November) [6] . The southwest monsoon transports moisture over the Indian Ocean to the Indian subcontinent and contributes to 80% of India's annual rainfall [29] . The northeast monsoon that occurs during the post-monsoon season brings winds that have lost their moisture into the ocean, resulting in less precipitation in most parts of India. However, due to the influence of the large embayment (the Bay of Bengal) in India's eastern coast, the flows are humidified when they reach the Cape Comorin and some parts of Tamil Nadu and Kerala, leading to heavy precipitation in these areas during the post-monsoon season. Figure 1 shows the study area for this study with Globcover2009 land cover [30] . The Tibetan Plateau was masked with a DEM > 3000 m, and the low vegetated pixels were masked with a maximum NDVI < 0.3. The cloud distributions in the Indian monsoon region are mainly related to the precipitation patterns. Figure 2 shows the cloud cover percentages in MOD09A1 from 2000 to 2016 during the southwest monsoon season (Figure 2a ) and the post-monsoon season (Figure 2b ). During the southwest monsoon season, a high cloud cover percentage (over 60%) appears for most areas, and only Tamil Nadu and the northern part of India have a relatively low cloud cover percentage under 40%. For the post monsoon season, most areas show a low cloud cover percentage (below 10%), and only the southern part of India exhibits a relatively high cloud cover percentage (over 40%). 
Method
The following five steps were used for extracting SOS in the Indian monsoon region: (1) cloud detection of MOD09A1 with the IBCD approach [12] , (2) BRDF correction using the BRDF parameters in MCD43A1, (3) NDVI calculation with the corrected red and NIR band reflectance, (4) the modeling with the locally adjusted cubic-spline capping approach (LACC), and (5) the SOS determination. LACC was used to model the varied vegetation growth trajectories, because it was flexible for modeling any seasonal patterns or variable curvatures [31, 32] and performed better than Fourier, Logistic, Whit, and SG for gap filling, key point protection, and noise resistance [23] , which were important for SOS retrieval. The pixels with valid observations between 5% and 95% of VGA (determined below) that were larger than four were fitted by LACC; otherwise, the fitting would be unreliable. The pixels with a small vegetation growth amplitude between the maximum and minimum NDVI (∆NDVI < 0.2), which are considered as evergreen vegetation, were also excluded.
The IBCD approach could separate the clear-sky and cloudy observations based on an inflexion, which exists between the clear-sky and cloudy observations if the time-series of reflectance is assembled from the same location were sorted [12] . The inflexion in Band 3 reflectance (B3) could effectively identify clouds over various surface types, including forest, cropland, grass, bare surface and water; and the ratio of Band 3 and Band 7 reflectance (R37) could aid in separation of thin clouds, particularly over tropical forests [12] . This approach can identify approximately 4% of overestimated clouds (clear-sky observations labeled as clouds) and 14% of underestimated clouds (clouds labeled as clear-sky observations) in vegetated regions in the MODIS C5 cloud mask [12] . The MODIS C6 cloud mask has improved approximately, but some clear-sky observations labeled as clouds still remain.
The angular effects were corrected using the RossThick-LiSparse-R BRDF model [24] . The directional reflectance was normalized to nadir-view reflectance as following:
where θ, ϑ, and ϕ are the solar zenith angle, view zenith angle, and relative azimuth angle, respectively. R(45 • , 0 • , 0 • ) is nadir-view reflectance, and R(θ, ϑ, ϕ) is directional reflectance. The fiso, fvol, and fgeo are the BRDF parameters. Kvol(θ, ϑ, ϕ) is the RossThick kernel, and Kgeo(θ, ϑ, ϕ) is the LiSparse-R kernel.
The time-series of NDVI were generated from the valid BRDF-corrected near infrared band and red band reflectance. The LACC approach with three iterations [31] was used to reconstruct the NDVI during the vegetation growth period buffered by three points. The period from the dominant peak (maximum NDVI) to its left-side nearest curve valley (minimum NDVI) was regarded as the vegetation growth period. Since clouds mainly result in reduced vegetation parameters [31] , the maximum value in the time-series of NDVI is less possible to be contaminated by residual clouds. So, the maximum NDVI was directly selected from the maximum NDVI value in the time-series. For croplands with more than one growing season, the searching period was constrained from March to September. The minimum NDVI was composited by the algorithm proposed by Liu [33] , which avoids residual cloud contamination to build the baseline NDVI at the dormancy stage of vegetation growth. The VGA was calculated as the maximum NDVI minus the minimum NDVI during the vegetation growth period. The SOS was identified with the date when the reconstructed NDVI first reaches 9.18% of VGA. This threshold was used because it has been proven to be equivalent to the inflexion point (maximum rate of change in curvature) for extracting SOS at a global scale [34] , which is commonly used for phenology retrieval [13] [14] [15] .
Quality Control
The quality of the extracted SOS in the Indian monsoon region is labeled by three criteria: the mean absolute fitting bias between the original NDVI and reconstructed NDVI (shortened to Bias), the roughness of the reconstructed vegetation growth trajectory (shortened to Roughness), and the data availability during the middle part of the vegetation growth period. The data availability is represented by the counts of valid observations between 15% and 85% of the VGA (shortened to Count70), and the count between 25% and 75% of VGA (shortened to Count50). If Bias > 0.07, Roughness > 0.06, or Count70 < 1, the QC was set as 1 (no data); else if Bias > 0.05, Roughness > 0.05, or Count50 < 1, the QC was set as 2 (poor quality); or else, if Bias ≤ 0.05, Roughness ≤ 0.05, and Count50 ≥ 1, the QC was set as 3 (good quality). The thresholds of Bias and Roughness used for QC = 1 were determined from the statistics of pixels (about 95%) across the entire study area. The pixel percentage was 95.41% for Bias ≤ 0.07, and the pixel percentage was 95.26% for Roughness ≤ 0.06.
Comparison with Other Approaches for Modeling the Varied Vegetation Growth Trajectories
LACC was compared with Logistic and Fourier for modeling eight typical vegetation growth trajectories and extracting SOS. For the Logistic approach, the vegetation growth period was fitted by a logistic function:
The t is the day of year (DOY), the NDVI(t) is the simulated NDVI value, and the ParaA and ParaB are the fitting parameters. The MaxNDVI and MinNDVI are the identified maximum and minimum NDVI. The maximum rate of change in curvature of the fitted logistic function (shortened to Zhang's inflexion point) was used to determine SOS [13] . For the Fourier approach [16] , four harmonics were used for the vegetation with one growing season, and six harmonics were used for croplands with double growing seasons. The SOS was identified using the first derivative value from negative to positive (curve valley point) [16] .
To comprehensively evaluate the performance of LACC, Logistic, and Fourier for modeling the varied vegetation growth trajectories, 10,000 pixels were randomly selected at the locations with QC = 3 to create gaps in the reference NDVI to conduct an additional validation procedure. The reference NDVI was calculated as the average NDVI on the same day-of-year (DOY) across the complete time series (2000-2016) for each pixel location [34] using MODIS Collection 6 MOD09A1 data. The gaps were created by excluding the NDVI values following the temporal distributions of real clouds in 2006. After the reconstructions of the reference NDVI with gaps by the three approaches, the average distances between the reconstructed NDVI values and the excluded NDVI values in the reference NDVI were used to indicate the best approach.
Comparison of the Extracted SOS with Other Products
The GLOBMAP-IndianSOS product was compared with the MCD12Q2 phenology product (2001-2014) and the MERIS phenology product. The counts of valid SOS retrieval and the valid percentage between GLOBMAP-IndianSOS product and MCD12Q2 were compared. The counts of valid SOS retrieval during the 14 years (shortened to valid counts) were calculated for each pixel. The valid percentage of a product was calculated as the ratio of all valid counts to the total counts that should be retrieved. The comparison with the MERIS phenology product was used to evaluate the spatial patterns of the extracted SOS.
Evaluation of the Reliability of Retrieval Approach
Generally, in a small region, the meteorological conditions are nearly the same so that the effects of meteorological change on SOS should be similar. That is, if the land cover is unchanged, the advancement or postponement of SOS between two years should be synchronous in a small window. If the phenology retrieval is reliable, the change in SOS between two years for each pixel (SOSC) within a window should be approximately the same. The variability of SOSC within a window (5 × 5) was used to indicate the reliability of the LSP retrieval. The following steps were used to conduct the evaluation of variability for all retrievals: (1) the SOSC was calculated pixel by pixel; (2) the average SOSC was calculated for each window (5 × 5); and (3) the difference between pixel SOSC and window average SOSC (SOSC bias) was computed at each pixel within the window. The greater the SOSC bias was, the lower reliability of the LSP retrieval. The percentage of pixels with SOSC biases within ±10 days was used for quantitatively describing reliability.
For comparison, the same evaluation approach was used for deciduous broadleaf forests of North America and Europe (<55 • N, cloud-free and snow-free) from the MCD12Q2 product, where data availability is sufficient and the SOS was demonstrated to be reliably extracted from satellite data [15, 35, 36] . So if the percentage of pixels for the extracted SOS with bias <±10 days is approximate to that of deciduous broadleaf forests in North America and Europe, the extracted SOS could be regarded as reliable.
Results
Modeling the Varied Vegetation Growth Trajectories
The vegetation growth trajectories in the Indian monsoon region vary from site to site. Several typical vegetation growth trajectories are shown in Figure 3 : the vegetation grows quickly and withers quickly (Figure 3a) , the vegetation grows quickly but withers slowly (Figure 3b ), the vegetation growth has no dormancy stage (sharp curve valley in the trajectory) (Figure 3c ), the vegetation growth has a long maturity stage (Figure 3d ), the vegetation growth has a long dormancy stage and withers quickly (Figure 3e ), the vegetation growth has a long dormancy stage but withers slowly (Figure 3f ), the vegetation growth has a short dormancy stage and withers slowly (Figure 3g) , and the double-cropping vegetation (Figure 3h ). Figure 3 also shows modeling of eight typical vegetation growth trajectories using the LACC approach, Fourier approach, and Logistic approach. Fourier performed well for the trajectories that had obvious curve valleys before vegetation growth. But for the trajectories with a long dormancy stage, spurious oscillations usually appeared for the Fourier, which would confuse the SOS identification by curve valley point. Uncertainties would exist if the wrong curve valley point was selected for identifying SOS; therefore, some measures should be taken to eliminate the influence of these spurious oscillations in Fourier. Logistic modeled the trajectories well during the vegetation growth period for most pixels, but it is inapplicable for trajectories with a sharp curve valley (Figure 3c) , in which the extracted SOS with Zhang's inflexion point [13] [37, 38] , or using the adaptive local iterative logistic fitting method (ALILF) [18] . LACC solved the limitations associated with Logistic and Fourier for modeling trajectories with sharp curve valleys or a long dormancy stage, and the extracted SOS from LACC was very similar to that from Logistic, except for the trajectory with a sharp curve valley (Figure 3c) where Logistic was inapplicable. The extracted SOS from Fourier was noticeably smaller than that from Logistic and LACC, but for the trajectory with a sharp curve valley (Figure 3c ) it was closer to the SOS from LACC than that from Logistic. Figure 4 presents the histograms of the distances between the reconstructed NDVI values by the three approaches and the excluded NDVI values in the time-series of reference NDVI. For the randomly selected 10,000 pixels, the average distances are 0.037 ± 0.0208 for LACC, 0.040 ± 0.0215 for Logistic, and 0.043 ± 0.0219 for Fourier. LACC had the smallest distances compared with Logistic and Fourier. These results indicated that LACC was more applicable for modeling the varied vegetation growth trajectories in the Indian monsoon region than Logistic and Fourier.
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Comparison with the MERIS Phenology Product
The GLOBMAP-IndianSOS product (QC > 1) was compared with the MERIS phenology product [16] . Figure 9a shows the SOS from the MERIS phenology product in 2006 where the double-cropping lands were excluded. Figure 9b presents the SOS from the GLOBMAP-IndianSOS product in 2006. Figure 9c shows the density scatterplot of these two products. Compared with the MERIS phenology product, the SOS for a vast majority of pixels in the GLOBMAP-IndianSOS product was delayed, and an early SOS appeared in the eastern and southeastern parts of India. The scale effects between 500 m and 4.6 km, as well as different determinations of SOS and different representations of vegetation growth cycles by NDVI and MTCI, likely explain these differences. First, the SOS at a coarse resolution was possible to simulate by selecting the date at the 30th percentile SOS at finer resolution [39] , resulting in the advanced SOS at a coarse resolution. Second, the SOS in the MERIS phenology product was identified using the first derivative value from negative to positive (valley point), whereas the SOS in the GLOBMAP-IndianSOS product was determined from the date when NDVI exceeded 9.18% of VGA. The valley point in the Fourier-based approach was equal to 0% of VGA, which was certainly earlier than that from 9.18% of VGA. These two reasons can explain most of the delayed SOS (30 days for most pixels) in the GLOBMAP-IndianSOS product. The most obvious difference appeared in the southern part of India, such as in some parts of Tamil Nadu and Kerala, where the GLOBMAP-IndianSOS product exhibited the latest SOS (>DOY 244) and the SOS from the MERIS phenology product was early (<DOY 65). The early SOS in these regions was explained with no clear phenology pattern of MTCI [16] , since other approaches such as the Whittaker smoother, asymmetric Gaussian function, and double logistic function also extract early SOS from MTCI [17] . As shown in Figure 10 , the MTCI is unable to clearly describe the cropping season from September to January for these pixels, but it is described by the NDVI. The late SOS in Tamil Nadu (11.77 • N, 78.20 • E) was also extracted by Prasad, Badarinath, and Eaturu [6] from the average AVHRR-NDVI from 1990 to 2000, which supports the results of the GLOBMAP-IndianSOS product.
The GLOBMAP-IndianSOS product was also compared with the phenology results that were derived from MOD13C1 NDVI and EVI (5.6 km, 16 day) [19] . Figure 11a shows the counts of valid SOS retrievals in the MCD12Q2 product from 2001 to 2014. Except for the double-cropping areas, the counts of valid SOS retrieval for almost all pixels were less than 4 in the MCD12Q2 product in the Indian monsoon region. The valid percentage of SOS in the MCD12Q2 product from 2001 to 2014 was 29.30%. Figure 11b shows the spatial distribution of SOS for the MCD12Q2 product in 2006. The SOS for most of the pixels with one growing season ranged from DOY 201 to DOY 265. For the croplands with double or triple growing seasons in the Himalaya region, obvious differences of SOS were observed between the GLOBMAP-IndianSOS product and the MCD12Q2 product. Large differences in SOS could be mainly explained by different growing seasons used to extract SOS, and small differences might be explained by different representations of vegetation growth cycles by NDVI and EVI. Tables 2 and 3 , respectively. Exactly 16.98% of pixels had a valid SOS retrieval for all years in the GLOBMAP-IndianSOS product, and compared with the MCD12Q2 product, 2.91% of pixels improved from no valid SOS retrieval to all valid SOS retrieval during the 14 years; such pixels were mainly located in the central and eastern parts of the study area. The valid percentage of SOS in the GLOBMAP-IndianSOS product from 2001 to 2014 was 69.76%, which improved by 40.46% compared with the MCD12Q2 product. When excluding SOS with poor quality, the improvement was 29.56%. Tables 2 and 3 , respectively. Exactly 16.98% of pixels had a valid SOS retrieval for all years in the GLOBMAP-IndianSOS product, and compared with the MCD12Q2 product, 2.91% of pixels improved from no valid SOS retrieval to all valid SOS retrieval during the 14 years; such pixels were mainly located in the central and eastern parts of the study area. The valid percentage of SOS in the GLOBMAP-IndianSOS product from 2001 to 2014 was 69.76%, which improved by 40.46% compared with the MCD12Q2 product. When excluding SOS with poor quality, the improvement was 29.56%. Revised Figure 11 : 
Comparison with the MCD12Q2 Product
Conclusions
This study modified the extraction of the start of the growing season in the Indian monsoon region by modeling the varied vegetation growth trajectories and accurately identifying available data for the rainy season. The GLOBMAP-IndianSOS product was generated from Collection 6 MOD09A1 at 500 m resolution from 2000 to 2016. The SOS showed similar spatial patterns with other products, and the gradual transition of the SOS was coincident with the migration directions of the southwest monsoon. Compared with the Collection 5 MCD12Q2 phenology product, the valid percentage of SOS in the GLOBMAP-IndianSOS product improved by 40.46%, and its reliability was demonstrated to be similar to that of deciduous broadleaf forest in North America and Europe. This product could serve as a basis for understanding changes in the Indian monsoon and its influence on terrestrial ecosystem productivity in Indian monsoon region, ultimately helping to predict future climate change.
